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ABSTRACT. Accurate energy consumption forecasting is essential for grid stability, operational
planning, and resource optimization. This study investigates the effectiveness of hybrid fore-
casting strategies by combining four widely used time series models ARIMA, ETS, THETAM,
and NNETAR and proposes a Dynamic Error-Correlation Adaptive Weighting (DECAW)
mechanism for ensemble construction. The proposed framework integrates recency-weighted
validation errors and explicit penalization of forecast error correlation to enhance diversifica-
tion and robustness. Using a dataset of electricity consumption collected from a medium-sized
Romanian city, the performance of individual models and hybrid approaches was assessed and
compared. Results reflect the dominance of linear seasonal dynamics in the dataset. Hybrid
models produced competitive results, with DECAW yielding the lowest hybrid MAPE and
MAE and marginally improving upon conventional cross-validated weighting. DECAW con-
sistently redistributed weights toward structurally complementary components and reduced
the influence of correlated or unstable predictors. The findings demonstrate that correlation-
aware adaptive weighting enhances ensemble stability and robustness, particularly in moder-
ately complex seasonal systems.

2020 Mathematics Subject Classification. Primary 68T09; Secondary 68T07.
Key words and phrases. energy consumption forecasting, hybrid forecasting models, time
series analysis, adaptive weighting, forecast error correlation.

1. Introduction

Energy consumption forecasting represents a key element for efficient energy man-
agement considering a world wide continuous increasing energy demand. Taking into
account both long-term predictions used for infrastructure planning or daily necessity
estimates that help support electrical grid stability, accurate forecasting ensures the
cost optimization, the stability between supply and demand, and a minimal repercus-
sion over the environment. Energy systems are frequently influenced by circumstances
like the increase in renewable energy options, economic activity, weather conditions
or consumer behavior, leading to an increased complexity of these systems which, in
turn, creates various challenges in the process of forecasting.

Conventional forecasting techniques, such as linear regression [1] and autoregressive
integrated moving average [2], have been extensively applied in the energy consump-
tion field, obtaining good results in identifying trends and seasonality [3]. However,
they usually fail to capture non-linear features considering the high volatility observed
in modern energy data. These features can be successfully addressed by machine learn-
ing models [4] such as artificial neural networks [5] or support vector machines [6].
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Although these traditional methods are perfect for non-linear aspects, they may miss
the precision and clarity that are essential in the process of time-series forecasting.
For example, regular patterns in energy consumption may be altered during holidays
or weekends and this trend may not be accurately predicted by linear models. Tradi-
tional models don’t have enough flexibility in adapting to unforeseen modifications in
datasets and may underperform in cases such as unexpected energy supply disruptions
or unseasonal weather conditions.

A promising solution is to develop hybrid models [7] that combine both the statis-
tical and machine learning approaches using their best features to acquire the fore-
casting accuracy. The challenges of the seasonal, high-dimensional and non-linear
nature of data are effectively addressed by the hybrid models especially for energy
consumption forecasting. Hybrid approaches deliver strong and reliable predictions,
even in complex scenarios, by combining the trend-handling capabilities of statistical
models with the flexibility of machine learning techniques.

Fluctuations in weather conditions lead to irregular seasonal variations in energy
demands [8], while industrial production and developing consumer behavior create
the complexity of the energetic system. Renewable energy sources [9] depending
on factors like wind speed or solar irradiance offer variability in energy consumption
datasets such as non-linear trends or sharp peaks. Thus, each of these factors uniquely
contribute to unpredictable fluctuations in energy consumption patterns.

Statistical models that analyze and predict energy consumption patterns also in-
clude supplementary forecasting factors such as humidity, temperature, period of day,
sunlight duration or economic aspects [10]. Taking all these factors into account, the
datasets used in predictive models are multidimensional, making it difficult for tradi-
tional models to comprehend all of the meaningful and complex features of such input
data [11]. The gaps in traditional methods are resolved by hybrid models which unify
several complementary forecasting approaches, providing more accurate predictions
for energy consumption [12].

Hybrid models usually incorporate a dual-layer approach in order to exploit all
aspects of the datasets, for example, ARIMA model could be used for analyzing the
linear and seasonal trends, on one side, while machine learning models (ANN or SVR)
could be used for handling the nonlinear patterns. The machine learning part of the
hybrid model can easily adapt to real-world data, dynamically adjusting to nonlinear
relationships. Reduction of forecasting errors is handled by the machine learning
component of the hybrid model. For example, the ARIMA-LSTM hybrid model [13]
provides lower residual errors than each of the models applied separately. Hybrid
models manage to adapt to data seasonality from the energy consumption datasets
including specific forecast factors and variations. For instance, wavelet analysis could
be used for energy consumption time series decomposition into seasonal and nonlinear
components and then, together with the LSTM model, obtaining a better nuanced
forecast [14].

Noisy or incomplete data is better handled by hybrid techniques that integrate
multiple methods reducing the possibility of underperforming or overfitting, creating
a shield against variability [15]. Using multiple methods in hybrid models is also facil-
itated by automation, advanced computational power, machine learning frameworks
and artificial intelligence techniques.
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Hybrid models, with both statistical and machine learning components, address
energy consumption forecasting challenges in complex and dynamic systems. Besides
improving forecast accuracy, these models facilitate better planning and decision-
making for grid operators, policymakers, and energy companies, thus better handling
the rapidly evolving energy domain [16].

The growing demand for advanced forecasting techniques is generated by the con-
stant evolution of energy systems that integrate smart technologies and energy from
undepletable sources. This need is fulfilled by hybrid prediction models that are able
to deal with dynamic patterns and complex datasets, having also the ability to evolve
and adjust in time. The precision and adaptability of these models are guided by ad-
vancements in computational power and artificial intelligence. The complex datasets
used in predictive models consist of real time data collected from various IoT devices
and sensors. Nowadays technologies allow hybrid models to analyze information in
real time for an instant updated and accurate forecast, such as the prediction of smart
grids hourly energy demand based on historical data and sensor inputs [17].

The artificial intelligence techniques [18] associated with hybrid models consist of
reinforcement learning (forecasting optimization by learning from real time feedback),
adaptable architectures (the ability to model stable dependencies in multidimensional
data) and explainable Al (tools for improvement of transparency and trust).

Addressing challenges such as grid balancing, microgrid optimization and renew-
able energy forecasting, grant hybrid models an important role in the integration of
renewable energy. Hybrid models that forecast both energy demand and renewable
supply can be used for dynamic grid balancing, ensuring a stable and reliable power
supply both globally and at the community level.

Modern forecasting implies handling large datasets via cloud services and big data
technologies [19] and is accomplished using hybrid models trained on sensitive cus-
tomer information without compromising data privacy that is a crucial aspect of
energy systems [20]. These tasks are achieved with the help of high-performance
computing that allow faster algorithms and datasets processing in order to reduce
forecasting computation time.

Efficiently managing the energy supply and demand is achieved by hybrid models
that aggregate regression and neural networks applied in distributed energy systems
[21]. In such decentralized grids the main focus falls on local forecasting, household en-
ergy demand and solar panel supply establishing a residential microgrid. For example,
in order to reduce peak loads, predictions of consumption patterns should improve
the system demand requirements as well as energy storage optimization (batteries
energy load and release) ([22], [23]).

Designing a hybrid model demands significant expertise and is a complex process
taking into account their close integration with real time energy management systems
[24]. These models are created in such a way that they can satisfy multiple objec-
tives simultaneously [25] such as improved accuracy, computational efficiency, and
minimized forecasting errors.

Hybrid models for forecasting energy are designed towards increasing adaptability
and integration. The growing complexities of modern energy systems are addressed
by advancements in real-time data processing, artificial intelligence techniques, and
computational power. As these technologies continue to evolve, hybrid models will
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play an essential role in implementing smarter, more efficient, and sustainable energy
management strategies.

In this paper we examine the concept of hybrid models and their application in
the energy consumption forecasting domain. We combine four forecasting models
(ARIMA [26], ETS [27], THETAM [28], and NNETAR [29]) to obtain a hybrid model,
Dynamic Error-Correlation Adaptive Weighting (DECAW), leveraging the
strengths of each component and we discuss its advantages compared to traditional
techniques. The proposed DECAW mechanism is compared to conventional cross-
validated error weighting approach [30]. We present a practical example of the hybrid
model’s implementation using a dataset representing energy consumption in a Roma-
nian medium-sized city. DECAW is a correlation-aware hybrid weighting framework
that extends traditional inverse-error approaches by explicitly incorporating error co-
variance and recency sensitivity. The obtained results can be further used by energy
providers and policymakers to develop a smart energy management system.

2. Methodology

Hybrid frameworks can readjust to dynamically changing data, scale the datasets and
provide immediate predictions by integrating real-time neural networks and reinforce-
ment learning. A particular value of these models is their dual-layer interpretability
given by their two components: the statistical factor dealing with traditional and
seasonal data and the machine learning element relative to anomalies and arising pat-
terns. Efficient energy forecasting is especially important for resource optimization,
cost minimization, and effective grid management by decreasing the redundant energy
production or storage.

Hybrid models are built in various ways and through different techniques, depend-
ing on individual methods combination, thus obtaining sequential, parallel, decom-
position based or optimisation enhanced hybrid models. In this research we focused
mainly on the parallel hybrid models by combining the outputs of multiple models
applied individually on the collected dataset, a task that is achieved using weighted
average of the results.

This study proposes a hybrid forecasting framework that integrates linear stochas-
tic modeling, exponential smoothing, curvature-adjusted trend decomposition, and
nonlinear neural modeling for energy consumption prediction.

The dataset used in this study comprises 18 years of energy consumption monthly
values, measured in gigawatt-hours (GWh), collected from a medium-sized Romanian
city, covering the period from 2008 to 2025. The dataset, having strong autocorre-
lation and nonlinear demand-response effects, was obtained from the local electricity
distribution operator of the municipality and comprises energy consumption from res-
idential, public services and industrial sectors. In Figure 1 we can easily observe the
multiple seasonality and the deterministic and stochastic trend of the dataset.

Let y;_; denote the univariate energy consumption time series observed at equally
spaced intervals, gz, = forecast at horizon (h), &, ~ N(0, o2) white noise.

Our proposed hybrid forecasting framework integrates four complementary models,
each one capturing distinct structural properties of the time series:

M = {ARIMA, ETS, THETA, NNETAR}
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FIGURE 1. Energy consumption trend.

e the linear stochastic component
The AutoRegressive Integrated Moving Average model ARIM A(p, d, q), capture-
ing short-term linear dependence and shock propagation in demand dynamics,
is defined as:

¢(B)(1 = B)%y; = 0(B)e,
where: B is the backshift operator By, = v;_1, (1 — B)? is the differencing
operator ¢(B) =1—¢B—---—¢,B?, (B)=1+6,B+---+6,B1.
e the state-space exponential smoothing

The ETS model (Error Trend Seasonality) provides adaptive smoothing and
dynamic updating of structural components. The observation equation is:

Y =Lli—1 + b1 + St—m + &
and the state update equations are:

by =01+ b1+ ag
by = bi—1 + Bet

St = St—m + VE¢

where: ¢; = level, by = trend, s; = seasonal component, «, 8,7 € (0,1).

e trend-curvature decomposition
The Theta method, particularly effective for long-horizon energy demand pro-
jections, modifies local curvature through a parameter 6:

" = Oy + (1 — 0"
~(LR) . . . .
where ¢, is the linear regression trend estimate.
e nonlinear autoregressive component
To capture nonlinear dynamics, we used NNETAR to approximate nonlinear
load patterns and complex consumption elasticity:

Yt = f(yt—h'"vyt—p7yt—s7"') +é&
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with neural network approximation:

K P
g =Bo+ > Bro (wko +) ’wkiyt—i>
k=1 =1

where: K = number of hidden neurons, o(-) = activation function, wg;, S =
weights.
The proposed hybrid forecast formulation provides a unified, statistically grounded,
and computationally implementable framework for accurate energy consumption fore-
casting and is defined as a convex combination:

L LARIMA ETS THETA NNETAR
Yt+h = W1Yih T waYiy, +W3Yih + wayiin

4
with: Y w; = 1.

Trazdi%ionally, forecasting hybrid models use equal weights, or compute weights
based on inverse RMSE or constrained least squares. These methods have limitations
in time-varying model performance and don’t take into account error correlation be-
tween models.

We propose a Dynamic Error-Correlation Adaptive Weighting (DECAW) method,
described in Algorithm 1. In this method, the weights are computed from the raw
weights normalization. For each validation window we compute the rolling validation
errors, the exponentially weighted errors and the pairwise correlation that allows us
to estimate the raw weight score. This approach rewards low recent error, encourages
diversity while sanctioning correlated forecasts.

3. Results and Discussion

The experimental protocol was designed to quantify the accuracy gains of the pro-
posed DECAW hybrid framework over strong individual baselines, evaluate robustness
across horizons and seasonal regimes, and validate its weighting contribution relative
to standard ensembling.

We intended to test if the hybrid forecast §7Y? yields lower error than each in-
dividual model §(*) in terms of computed accuracies across horizons (h), if DECAW
achieves lower error than the cross-validation error hybrid approach as well as if it has
the capacity to maintain performance under regime shifts (trend changes), outliers,
and increased error correlation among components.

The dataset we used consists of 216 monthly observations and a holdout of 24
months was applied for out-of-sample evaluation, while the remaining observations
were used for model training. Four individual models (ARIMA, ETS, THETAM,
NNETAR) and two hybrid approaches (cv.errors weighting and the proposed DECAW
weighting) were compared. After training and testing the models we computed the
accuracy metrics in order to make the evaluation and comparison.

Table 1 summarizes the test-set performance of the four individual models and the
two hybrid approaches. We observe that DECAW hybrid method obtained slightly
improved performance compared to the other hybrid model and visibly outperforms
the individual models.



270 D.C. EBANCA, I.V. TUDOR, AND C. POPIRLAN

Algorithm 1 DECAW Hybrid Energy Forecasting

Input Time series {y;}7_;,
forecast horizon H, validation window V', decay factor A

Output Hybrid forecast {§rs}l,
Define rolling validation window over last V' observations
for each model i € {ARIMA,ETS, THETA,NNETAR} do

Fit model ¢ using training subset

Generate validation forecasts

Compute validation errors e; + = yr — Ui ¢
end for
for each model 7 do

Compute exponentially weighted error

v
_ k—1,2
Ei—E ATk
k=1

Compute correlation penalty

D, = Z |Corr(e;, e;)|

j#i
Compute raw score
1 1
YT B 11D,
end for
Normalize weights
— Ui
YT

J
Refit all models on full dataset {y;}7_,

Generate H-step forecasts ygplh for each model ¢

Combine forecasts:
g = szg;l,,, h=1,....H

return {y7;° i1,

TABLE 1. Test set accuracy (24-months holdout).

Model RMSE | MAE | MAPE (%)
ARIMA 8.742 6.383 | 2.622
ETS 10.014 | 7.571 | 3.111
THETAM 9.328 6.765 | 2.756
NNETAR 14.382 | 11.085 | 4.711
Hybrid cv.errors 8.295 6.300 | 2.574
Hybrid DECAW | 8.288 | 6.250 | 2.550

The empirical results indicate that the ARIMA model achieved the lowest out-of-
sample RMSE (8.742) among all individual models. This finding suggests that the
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FIGURE 2. Forecast vs Actual (test period).

underlying energy consumption process is predominantly governed by linear autore-
gressive and seasonal dynamics. The relatively low MAPE (2.62%) confirms strong
periodic regularity and stable stochastic dependence.

ETS underperformed relative to ARIMA, suggesting that while exponential smooth-
ing captures trend and seasonality adaptively, it lacks the stochastic structure mod-
eling provided by seasonal ARIMA components.

THETAM demonstrated intermediate performance, reflecting its strength in cap-
turing trend curvature but weaker modeling of short-term dependencies.

NNETAR exhibited substantially higher RMSE, indicating overfitting or limited
nonlinear signal in the data. This suggests that nonlinear components contribute
marginally to predictive improvement in this particular dataset. In such contexts,
nonlinear models do not necessarily provide additional predictive power. The inferior
performance of NNETAR indicates that the nonlinear structure of the database is
relatively weak.

Both hybrid approaches produced competitive performance, but the proposed DE-
CAW method slightly improved upon the conventional cross-validated weighting ap-
proach, reducing MAPE from 2.574% to 2.550% and marginally lowering RMSE. Fig-
ure 2 represents a comparison between both hybrid forecasts, DECAW and cv.errors,
versus the test period trend. Hybridization guarantees superior performance over
the component models and its theoretical advantage lies in variance reduction and
robustness enhancement.

Importantly, based on the weights presented in Table 2, DECAW reallocated
weights by increasing the contribution of THETAM and decreasing that of NNETAR
relative to the cv.errors model. This redistribution reflects the error-correlation penal-
ization mechanism embedded in DECAW. By discouraging redundant contributions
from correlated models and downweighting unstable predictors, DECAW promotes
diversification within the ensemble. The contribution of DECAW is not primarily
dramatic accuracy increase, but improved structural stability and principled weight
adaptation.
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TABLE 2. Computed weights generated by the hybrid models.

Model cv.errors weights | DECAW weights
ARIMA 0.233 0.244
ETS 0.280 0.281
THETAM | 0.275 0.315
NNETAR | 0.211 0.159

A key methodological insight emerges from the weight comparison. The correlation-
aware adjustment in DECAW shifted weight away from NNETAR toward THETAM,
slightly increasing ARIMA contribution. This suggests that neural model forecast
errors were either unstable or correlated with other models in a way that did not
contribute additional information. This redistribution reflects the correlation penalty
embedded in DECAW, which downweights models with redundant error structures.

Ensemble theory shows that the variance of a weighted forecast:

Var (Z w¢6i> Z wiVar(e;) + 2 Z w;w;Cov(e;, ;)
i i i<j
is reduced when covariance terms are minimized. By explicitly penalizing correlated
error streams, DECAW attempts to optimize this trade-off.
In strongly seasonal linear systems such as the present dataset, ARIMA and ETS
likely share similar error structures. DECAW’s correlation penalty reduces over-
representation of structurally similar components, contributing to ensemble stability.

300
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FIGURE 3. 12-months DECAW forecast.

The 12-months DECAW forecasts (Figure 3) display a clear and stable seasonal
oscillation, with peak values observed during the winter months and lower levels
in mid-year periods. The preservation of seasonal amplitude and phase alignment
confirms that dominant seasonal dynamics remain the primary drivers of projected
demand. As expected, prediction intervals widen gradually with the forecast horizon,
reflecting increasing uncertainty over time.
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Although the seasonal ARIMA model achieves strong standalone performance, the
DECAW hybrid approach delivers consistently competitive results and improves upon
conventional cross-validated weighting. By incorporating recency-weighted errors and
penalizing correlated forecast structures, DECAW redistributes model weights toward
structurally complementary components while limiting the influence of unstable pre-
dictors. This correlation-aware adaptation enhances ensemble stability and reduces
redundancy among base learners.

While nonlinear contributions appear limited in this dataset, the DECAW frame-
work demonstrates improved robustness and methodological rigor. The results sug-
gest that adaptive, correlation-sensitive weighting becomes particularly valuable when
model complementarity exists or when structural variability increases, positioning
DECAW as a scalable and resilient solution for energy demand forecasting.

4. Conclusions

This study investigated the effectiveness of hybrid forecasting strategies for monthly
energy consumption prediction using four widely adopted models, ETS, ARIMA,
THETAM, and NNETAR, and introduced a novel Dynamic Error-Correlation Adap-
tive Weighting (DECAW) mechanism for ensemble construction. When energy de-
mand exhibits stable seasonal dynamics, well-specified ARIMA models remain highly
competitive. On the other hand hybrid models are particularly valuable when struc-
tural shifts occur, forecast horizon increases or nonlinear regime transitions appear.
Adaptive weighting mechanisms such as DECAW enhance robustness under uncer-
tainty, even when immediate accuracy gains are small.

In operational contexts (e.g., grid load planning), robustness and stability may be
as important as marginal accuracy improvements. A slightly more stable forecast
with lower sensitivity to model misspecification can reduce downstream risk.

The proposed DECAW hybrid model produced the lowest hybrid MAPE and MAE
and slightly improved upon conventional cross-validated weighting. Although perfor-
mance gains were modest, DECAW consistently reallocated weights toward struc-
turally complementary components and penalized correlated forecast errors. This
confirms the theoretical premise that ensemble improvement depends not merely on
averaging accuracy but on controlling redundancy and error covariance.

From a methodological perspective, DECAW extends traditional inverse error
weighting by integrating recency-sensitive validation and explicit correlation penal-
ization. This dual mechanism enhances robustness and stabilizes ensemble behavior
under structural uncertainty. The approach is computationally efficient, scalable, and
adaptable to multi-horizon or multivariate forecasting contexts.

The primary contribution of this study does not lie solely in the marginal reduction
of RMSE, but rather in the development of a structured and theoretically grounded
weighting framework for hybrid forecasting. The proposed approach integrates three
key mechanisms: recency-weighted validation errors to capture evolving performance,
explicit penalization of forecast error correlation to mitigate redundancy, and dynamic
weight adjustment to enhance adaptability across regimes.

This framework extends conventional inverse-error weighting by incorporating struc-
tural information about model interdependence and temporal stability. As such, it
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provides a more principled basis for ensemble construction. Moreover, the method-
ology is inherently flexible and can be readily extended to multi-horizon weighting
schemes, probabilistic forecast combinations, and multivariate load forecasting envi-
ronments.

Future research should evaluate DECAW on higher-frequency datasets, incorpo-
rate exogenous variables such as weather and price signals, and extend the framework
to probabilistic forecasting and multivariate load modeling. Such developments will
further enhance its applicability in modern smart grid and energy analytics environ-
ments.

While hybridization does not universally outperform the best standalone model, the
proposed DECAW framework offers a theoretically grounded and practically robust
advancement in ensemble forecasting methodology for energy demand prediction.
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